Limitations in current capabilities to constrain aerosols adversely impact atmospheric simulations. Typically, aerosol burdens within models are constrained employing satellite aerosol optical properties, which are not available under cloudy conditions. Here we set the first steps to overcome the long-standing limitation that aerosols cannot be constrained using satellite remote sensing under cloudy conditions. We introduce a unique data assimilation method that uses cloud droplet number (N d ) retrievals to improve predicted below-cloud aerosol mass and number concentrations. The assimilation, which uses an adjoint aerosol activation parameterization, improves agreement with independent N d observations and with in situ aerosol measurements below shallow cumulus clouds. The impacts of a single assimilation on aerosol and cloud forecasts extend beyond 24 h. Unlike previous methods, this technique can directly improve predictions of near-surface fine mode aerosols responsible for human health impacts and low-cloud radiative forcing. Better constrained aerosol distributions will help improve health effects studies, atmospheric emissions estimates, and airquality, weather, and climate predictions.
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air quality | indirect effect | weather prediction | stratiform cloud | microphysics A mbient aerosols are important air pollutants with direct impacts on human health (1) . They also play important roles in Earth's weather and climate systems through their direct (2), semi-direct (3), and indirect effects (4) on radiative transfer and clouds. Their role is dependent on their size, number, phase, and composition distributions, which vary significantly in space and time. There remain large uncertainties in predictions of aerosol distributions due to uncertainties in emission estimates and in chemical and physical processes associated with their formation and removal (5) (6) (7) (8) (9) . These uncertainties in aerosol distributions lead to large uncertainties in weather and air-quality predictions and in estimates of health and climate-change impacts (10) .
Constraining ambient aerosol distributions with current Earthobserving systems is a difficult task. The most common approach is to assimilate satellite retrievals of aerosol optical depth (AOD) (11, 12) , a quantity that represents total aerosol mass and composition in the atmospheric column. The requirement of cloudfree conditions for a successful retrieval and the remaining challenges of relating AOD to aerosol mass, size, and composition limit the utility of AOD retrievals (by themselves) in constraining aerosol mass and composition (13, 14) . These shortcomings are particularly true in regions of persistent marine stratocumulus, such as the southeast Pacific off the coast of Chile and Peru, where aerosol-cloud interactions are important to the energy balance (15) , and limitations in current observing and modeling capabilities adversely impact regional and global weather and climate predictions (16) . A typical MODIS AOD scene in this region ( Fig. 1, Upper Left) shows that AOD provides essentially no useful information to constrain aerosol distributions when low clouds are present (Fig. S1) .
Aerosols play an important role in cloud formation, acting as cloud condensation nuclei (CCN), and further affect cloud macro-and micro-physical properties such as albedo (17) , drizzling capacity and lifetime (18) , and cloud base and top heights (19) , among others. Despite uncertainties (10) and challenges (20) in modeling aerosol-cloud interactions, recent studies have shown significant capabilities in predicting and explaining aerosol indirect effects in low cloud regimes (6, 7, 21) . By building on this mechanistic understanding, observations of clouds may be used to infer aerosol physicochemical properties. This is done by using a unique data assimilation technique presented in Methods and described in depth in SI Text.
Results
The assimilation procedure is demonstrated for the case of the southeast Pacific's persistent stratocumulus deck, where in situ aircraft observations during the VOCALS-REx field experiment (22) provide independent accumulation mode aerosol mass and number concentrations (23) for verification. We predict meteorology and aerosol mass (M) and number (N) distributions at the regional scale with the WRF-Chem model (24, 25) configured for this area (6) . Cloud optical depth and effective droplet radii retrieved from Terra MODerate-resolution Imaging Spectroradiometer (MODIS) and Geostationary Operational Environmental Satellite (GOES) imager data (26, 27) are used to compute observed N d (28) . We perform experiments utilizing these retrievals (see SI Text, Assimilation experiments). The impacts of assimilation of MODIS N d on optimized modeled N d , N, and aerosol sulfate mass concentration are shown in Fig. 1 for a day with an extensive and thick stratocumulus deck (Fig. 1 , Upper Right, and Fig. S1 ), which is a typical condition in the region [e.g., daytime cloud fraction was between 70-90% during the VOCALS-REx period (7)]. The background modeled N d (prior) resolves the longitudinal gradient in the observations defined by the indirect effects due to anthropogenic pollution (6) but generally overestimates coastal amounts and underestimates remote concentrations. The assimilation produces an improved a posteriori modeled N d , as shown by a 30% fractional error reduction (*) and by the better resemblance of N d assimilated fields compared to the observations (Fig. 1, first and second row) . Assimilation increases (decreases) N and M in places where N d is under (over) predicted (Fig. 1, third and fourth row), activating more (less) particles, thus reducing the error.
As the observation operator for this assimilation technique is a mixing-activation parameterization, the aerosols modified are those most active in the activation process; i.e., below cloud and accumulation mode aerosols. Coarse aerosols do participate in activation, but their sensitivities are low because their number Author contributions: P.E.S., G.R.C., and S.N.S. designed research; P.E.S. performed research; P.E.S., G.R.C., S.N.S., P.M., and J.K.A. analyzed data; and P.E.S., G.R.C., S.N.S., P.M., and J.K.A. wrote the paper.
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concentrations are small. As vertical mixing is also considered, the aerosols modified are not only those in the layer immediately below clouds but also from lower near-surface layers. The vertical extent of the impact depends on the mixing state of the atmosphere below clouds. For cloud-capped marine boundary layers (as in the stratocumulus deck studied here), depending on the decoupling state (29) the aerosol constraint can extend to the sea surface. Thus, this technique can directly improve estimates of fine mode near-surface aerosol number, composition, and size. For instance, sulfate dominates the hygroscopic fine aerosol mass in the marine boundary layer (MBL) in this region throughout this study period (7) and therefore receives the most constraint from assimilation ( Fig. 1, fourth row) . Species during this period found mainly in the coarser size bins like nitrate and sea salt (7) are not impacted as much, and those found in the free troposphere above the cloud layer, such as biomass burning organic aerosol (23), are not affected by the assimilation. The impact of assimilation on constraining aerosol distributions is evaluated in an experiment (see SI Text, Assimilation experiments, for further details) where GOES-10 N d was assimilated at the time when a research flight was conducted that did a longitudinal in situ sampling of the cloud deck (Fig. 2, Top) . The model prior underestimates offshore aerosol mass and number, which the assimilation corrects, reducing fractional biases by 25% and 33%, respectively. Similar assimilation experiments for two coastal pollution survey flights (Fig. 2 , Bottom) improved statistical performance for below cloud aerosol mass and number, reducing fractional bias and error (30) and increasing spatiotemporal correlation in each case. The use of retrievals from geostationary satellites to constrain aerosols is an important advance- ment because it provides a significant improvement in temporal resolution (approximately 16 retrievals per day) compared to polar orbiting satellites that produce one retrieval per day.
An important feature of the cloud droplet number assimilation is that it results in a change in aerosol distribution, which can impact cloud predictions forward in time over the lifetime of the aerosols throughout the region of analysis (approximately 2 days in the MBL). To demonstrate this persistent effect of the constraint we assimilate a single retrieval of MODIS N d and evaluate the forecast of N d by comparing to independent hourly resolved GOES10 N d retrievals (Fig. 3) . One to five hour after assimilation (Fig. 3 , first day) the magnitude and variability of forecast N d over polluted and clean geographical regions are improved as seen by the enhancement in number and variability in the clean region and a decrease in mean and variability in the polluted zone, achieving a global 20-30% fractional error reduction. For the second day, model errors (6) and the transport of the aerosols out of the domain reduce the impact of the assimilated fields. However, the assimilation still has a positive impact on the forecasts that extends beyond 24 h. A snapshot 22 h after assimilation (Fig. 3 , Bottom) shows features in the assimilation-predicted fields that resemble the observations and are not found in the prior: N d enhancement over 100 #∕cm 3 (near 20°S, 85°W) that can be traced to a plume present in the retrieval near 27°S, 79°W (Fig. 1) ; and an increase in cloud cover in the northwest of the domain that was missed in the background simulation. After 48 h, the assimilated aerosol has exited the regional model domain, and only small differences between background and assimilated fields remain. This lasting influence on cloud and aerosol properties could help overcome one of the main issues in contemporary cloud assimilation methods, where information gained in the analysis is attenuated within hours after initialization (31, 32) .
Discussion
The technique presented here is designed for use with singlelayer warm liquid cloud systems with vertically homogeneous N d . These conditions represent low stratiform clouds, which persistently cover large regions around the world (e.g., stratocumulus decks off the west coasts of Africa and South and North America) and are pointed out as the main players in aerosol indirect forcing (33) . While this first approach to N d assimilation does not resolve the vertical N d gradients and ice and graupel phases that arise from convection, convective clouds are often accompanied by or form from low clouds where this technique can be applied. Beyond regions of persistent low stratocumulus, single-layer liquid cloud conditions can also be identified in model calculations and matched with instantaneous cloud retrievals on a pixelby-pixel basis and assimilated opportunistically throughout the world, whenever and wherever they occur. The application of this technique to other regions requires further evaluation of the N d satellite retrieval calculation. Even though global estimates of N d can be made (34), region-specific expressions evaluated using in situ measurements can help reduce uncertainty in the retrievals (28) . In this sense, it is encouraging that for a given region, a single formula can be used across satellites and instruments (GOES imager, MODIS Aqua, and Terra) with excellent performance against N d in situ data, remarkably better than for other retrieved cloud properties (28, 35) . The activation parameterization and its assumptions represent another source of uncertainty (20) , but again, comparisons with in situ and satellite measurements help better understand these limitations and their extent (6, 7) . Expanded applications of this approach (e.g., aerosol retrieval and assimilation under multilayer, convective, and ice clouds) may be possible, but additional research and testing is required on both retrieval and modeling sides.
Potential applications for this technique are found throughout the atmospheric sciences and beyond. When incorporating aerosol indirect feedbacks on clouds in numerical weather prediction, better aerosol predictions can further improve MBL height and cloud heights, liquid and precipitable water, precipitation rates, cloud optical properties, and cloud lifetime (6) . As aerosol influences on clouds have been shown to affect convective systems (36) , lighting (37), tropical cyclones (38) , and tornados (39), more accurate aerosol representation could also lead to better predictions for severe storms and hazards. In addition, better constrained fine and below-cloud aerosol distributions will help improve air quality predictions (12) and reduce uncertainties in assessments of health and climate impacts due to aerosols (11) . The use of this technique is not limited to 3DVAR and may be used for sensitivity analysis (40) as well as being coupled to an adjoint of all model components for 4DVAR assimilation of aerosol state and evolution (12) or used in inverse modeling to better estimate emission sources. In this sense, important applications include improving highly uncertain estimates of oceanic organic emissions (8, 9) and constraining anthropogenic emissions such as those occurring upwind of persistent cloud regimes (e.g., central Chile and northern California) (6) and those emitted below clouds (e.g., ship emissions). These applications are not limited to persistent stratocumulus decks; similar aerosol feedbacks have been shown for other marine (41) and continental (42) shallow cumulus. Also, there is no limitation on aerosol composition distribution (sulfate dominates the case studied) as long as the aerosol properties participating in the activation process (e.g., hygroscopicity, solubility) are specified correctly. These applications are currently feasible given the availability of near realtime cloud retrievals (26) .
The technique can be combined with AOD assimilation to constrain aerosol distributions for mass, number, composition, and optical properties over a broader range of conditions, as AOD and N d assimilation are complementary, employing observations that do not coexist (e.g., there is no AOD retrieval when there are clouds and vice-versa). Using these retrievals together enables the observing system (satellites retrievals þ model simulations) to "see aerosols" for a larger number of pixels in a scene, even under cloudy conditions.
Methods
We propose a unique data assimilation technique (Fig. S2) to improve aerosol mass (M) and number (N) distributions from satellite retrievals of cloud droplet number (N d ) and demonstrate it for a stratocumulus application, where these remote sensing products have been shown to accurately represent in situ N d observations (28, 35, 43) . The forward model includes a vertical mixing-activation parameterization used to predict N d from meteorological conditions and initial M (composition/size/phase resolved), N (size/phase resolved), and N d distributions. Sensitivities of predicted N d derived with respect to these input variables are computed efficiently using the adjoint of the mixing-activation parameterization. These sensitivities are then utilized in a formal data assimilation framework to find the optimal model state that best fits the N d observations considering confidence in both the observations and the initial conditions. We chose to optimize for initial N only because it has been shown to be the most important contributor to N d sensitivities over other variables such as vertical velocity and aerosol composition for most conditions (20, 44) , especially over oceans (40, 45, 46) . This is accomplished through three-dimensional variational (3DVAR) data assimilation with a log-normal cost function and five-dimensional (3D in space þ size þ phase) N covariances. Assimilation yields size-, phase-, and space-resolved correction factors for N, which are further applied to each M composition bin (assuming the internal composition of each size/phase bin remains the same), resulting in an updated aerosol mass for each compound as well. Further details on the technique can be found in SI Text, Observations, Observation operator (Forward and Adjoint Models), and Assimilation method.
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Observations. We use cloud optical depth (τ) and drop effective radius (r e ) observations (see examples in Fig. S1 ) to compute cloud number droplet (N d ) assuming liquid water content increases linearly with height in the cloud layer (1):
with K ¼ 1.4067 × 10 −6 ½cm 1∕2 , which generates good agreement with in situ observations for the domain analyzed (2, 3) . This equation makes the assumption that cloud profiles are adiabatic, which is a good approximation for this region. In other regions where this assumption might not be valid, other estimates that account for the subadiabaticity of the cloud can be used (4) . Cases where τ and r e retrievals might not be accurate should be screened out before N d computation. An example is when a thick aerosol plume overlies the cloud. In the case of an absorbing smoke plume, r e computed from different channels (e.g., 1.6-and 3.9-μm for GOES or METEOSAT) will start showing discrepancies, which can be used to screen them out. If a thick dust plume overlies the clouds, scattering will dominate and τ will be affected. For these cases, even an AOD of 2-3 is at the lower end of the cloud optical depth distributions (Fig. S1) , thus the cloud signal will dominate and only optically thin clouds should be screened out. Once N d is computed, we use nearest neighbor interpolation to place observations onto the model grid, where assimilation is performed.
Observation operator (Forward and Adjoint Models). The observation operator, which transforms model parameters being optimized into the observation space, is in this case the vertical mixing and activation parameterization (5) from the WRF-Chem v3.3 model (6, 7). The parameterization is based on a maximum supersaturation determined from a Gaussian spectrum of updraft velocities and the internally mixed aerosol properties within each aerosol size bin (8) and has been shown to accurately represent marine stratocumulus dynamics (9, 10) . Two phases are traced: dry (interstitial aerosol) and wet (activated aerosol). Starting from aerosol mass (M) and number (N) distributions and input meteorological variables, this forward model computes N d for each model vertical layer. In order to yield a column N d directly comparable to satellite observations, the model column value is averaged over cloud-containing grid cells, because droplet concentration tends to be relatively constant with height in these clouds (4, 11) . In order to compute sensitivities, the adjoint of the mix-activation and vertical averaging routines were obtained using the automatic differentiation tool TAPENADE v3.5 (12) , which successfully passed tangent linear and adjoint tests with 4 and 8 significant digits of accuracy, respectively. The adjoint provides an efficient way to compute derivatives, because sensitivities of one N d observational pixel with respect to all parameters (N resolved in the vertical, in size, and in phase) can be computed with a single run of the adjoint. Also, as the forward mix-activation parameterization is vectorized in the X and Y spatial dimension (because it is part of the WRF-Chem framework), then the adjoint inherits this characteristic so sensitivities for several columns can be computed efficiently at the same time.
Assimilation method. We choose to implement a 3DVAR method (13) modified using a Gaussian anamorphosis (14) , introducing log-normal statistics in both state (15) and observation space. The use of log-normal statistics assumes errors to be of multiplicative nature, which is convenient in this case because N (parameters being improved) and N d (observations assimilated) are always positive, and they range over several orders of magnitude (10-10 4 and 10-10 3 for the study case, respectively). Thus, the functional J being minimized is
where N is the aerosol number field, with sub-index b and u used for background (prior) and base state for the adjoint sensitivities (H) computation, respectively. Cð·Þ is N d concentrations from the forward operator, C obs is the N d satellite observation, E a regularization parameter (15) , and R and B the error covariance matrices for the observations and state. The minimum of J is found numerically using the L-BFGS-B algorithm (16) . Optimization is performed using lower and upper bounds so the scaling factor applied to the background is over 0.1 and less than 10. Because the aerosol activation process is highly nonlinear, we implement an outer/inner loop strategy (17) that recomputes sensitivities starting from the previous inner loop results. B is considered nondiagonal with five dimensional correlations: three spatial, on aerosol bins (8 sections) and on phase (dry/wet), which provides stability in the solution. Covariances between any two i, j gridcells are computed using an exponential decay law (18)
Lxy Ã e 
where Dq ij represents distance between i and j on the horizontal (q ¼ xy), vertical (q ¼ z), size bins (q ¼ b), and phase (q ¼ p), with correlations lengths of Lb ¼ 0.5 on size bins, Lp ¼ 0.5 on phase, and Lxy ¼ 2 grid-cells (approximately 25 km) on the horizontal. We use a large vertical correlation length (Lz ¼ 100 levels, approximately 5 km) to simulate good mixing in the MBL, but we truncate correlations to 0 with grid-cells over the cloud layer (I ij function), simulating the capping inversion height (CIH ij ) characteristic of this region (19) . R is considered diagonal and equal to the identity matrix, meaning that the errors on the logarithmic factors of model vs. observation are the same for all observation pixels and are not correlated with each other. This is assumed for simplicity because this is the first application using this technique and can be modified for future applications propagating the uncertainties contained in the cloud optical depth and drop effective radius retrievals to N d . E is used to weight each member of the right hand side of Eq. S1 and is chosen equal to 1, such that after assimilation similar net correction factors are found for the analysis vs. prior N and modeled vs. observed N d . This combination of assumptions generates a resultant modeled N d value in observation space directly comparable to contemporary satellite retrievals (see Fig. 1 ). The assimilation produces an optimized N field, which is used to modify the mass and composition distributions. Comparing assimilated and prior N, multiplicative correction factors are obtained, which have the same dimension as N (number of 3D spatial grids, size bins, and phases). Making the assumption that the assimilation does not change the aerosol composition within each size and phase bin, these factors are applied to each of the corresponding mass distributions (M). Then the assimilated N and the updated M are used as initial conditions in forecast model. Forecast model. Forecasts were performed using the WRF-Chem v3.3 model (6, 7) configured specifically for this region (9) . The chemical and aerosol mechanism used is the CBMZ gas-phase chemical mechanism (20, 21) coupled to the 8-bin sectional MO-SAIC (22) aerosol module. In this implementation the aerosol lower, upper, and center diameters for each size bin have fixed values (10) . The WRF-Chem and MOSAIC version used keeps track of nine aerosol mass composition (sulfate, nitrate, chloride, sodium, ammonium, organic and black carbon, other inorganics, and aerosol water) and total number distributions. WRF-Chem is configured to include aerosol direct (21) and indirect effects (5) . The inclusion of indirect effects makes necessary the addition of the phase bin (wet and dry) to each of the composition and size bins. Thus, the model advects a total of ð9 þ 1Þ × 8 × 2 ¼ 160 aerosol variables, where only aerosol number distribution (16 variables) participates in the assimilation process and the rest (mass variables) are scaled as explained in Methods of the main text and in Assimilation experiments.
Assimilation experiments. Two types of experiments are performed: Those that assimilate MODIS N d (Figs. 1 and 3 ) and those that assimilate GOES10 N d (Fig. 2) . The MODIS experiment consists of performing a single assimilation using data from the overpass on October 16, 2008, at 15Z (Fig. 1, Top Right) . This date is chosen because it is a day with an extensive and thick stratocumulus deck and also the MODIS overpass goes right over the region of interest. The assimilation is performed in the region over 18°-34°S and 70°-90°W, over the persistent stratocumulus deck. Then, WRF-Chem forecasts are performed using prior and posterior as initial conditions. GOES10 retrievals are considered as independent data in this experiment and used for evaluation. Although highly correlated with each other, the N d values estimated from GOES-10 are, on average, approximately 20% less than their MODIS counterparts because of differences in resolution and retrieval methods (3). This difference has negligible impact on the implications of the comparisons because it does not significantly change the differences between the background and assimilation runs relative to the observations. We chose to assimilate MODIS and compare against GOES10 to use the detailed time resolution provided by GOES10 to evaluate the assimilation performance. Comparison is done by computing statistical differences between GOES10 N d and both models (prior and posterior). Fractional error and fractional bias (23) are computed over a region for each GOES10 retrieval. The regions considered are those over 18°S-30°S and 70°W-90°W during the first day (October 16, 2008 ) and over 15°S-25°S and 70°W-90°W region during the second day (October 17, 2008) . Different regions are chosen for different days to account for aerosol advection. Fig. 3 statistics are computed for 5°× 5°regions for each hour, including each satellite retrieval in the closest hour (usually two per hourr).
For the second type of experiment (Fig. 2) , we assimilate GOES10 N d and use VOCALS-REx NCAR C-130 aerosol measurements as independent observations to evaluate the assimilation performance. In this case, GOES10 is assimilated instead of MODIS, because GOES10 enables us to choose a retrieval for assimilation that is close to the start time of each flight, so that the assimilation results can be compared to the in situ observations. This second experiment also demonstrates that assimilation can be done using either MODIS or GOES10 data. Assimilation is performed over 18°S-30°S and 70°W-90°W and not throughout 34°S as in the MODIS assimilation because the GOES10 retrievals were only available up to 30°S. We chose three flights, RF11, RF12, and RF13 (24) , that measured the MBL during daytime because the GOES10 retrieval has limited skill at night. RF11 (November 9, 2008) and RF12 (November 11, 2008) conducted coastal pollution surveys between 20°S-30°S and 72°W-75°W, while RF13 (November 13, 2008) sampled 20°S from 70°W to 80°W. We evaluate both forecasts (prior and posterior) against Particle Measuring Systems (PMS) Passive Cavity Aerosol Spectrometer Probe (PCASP) accumulation mode aerosol number concentration (19, 25) and Aerosol Mass Spectrometer (AMS) submicrometer sulfate concentrations (26) . Sulfate mass was considered as a proxy for submicrometer aerosol mass because it dominated the hygroscopic fine aerosol mass in the MBL in this region throughout the study period (10) . Statistics (Fig. 2) are computed using flight legs within the MBL (below clouds). 
